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Abstract. Neural Machine Translation (NMT) is being explored for low-resource 

language support, due to its potential to assist language learning and revitaliza-

tion. However, developing translation systems for Indigenous languages remains 

challenging due to limited data, poor tokenizer coverage, language complexity, 

and data stewardship. To address these limitations, this work proposes a param-

eter-efficient pipeline for Northern Tutchone and English using ByT5-small with 

Low-Rank Adaptation (LoRA). ByT5-small uses byte-level sequence-to-se-

quence modeling to avoid a language-specific tokenizer and represent Northern 

Tutchone orthographic features. LoRA trains low-rank adapter weights while 

keeping most pretrained parameters frozen. The study compares 1.5k and 4.9k 

sentence-pair datasets across two directions and three evaluation seeds. Perfor-

mance was evaluated using BLEU, chrF++, and BLEURT, with paired bootstrap 

resampling and paired t-test used to assess significance. Results demonstrate that 

dataset expansion improved Northern Tutchone to English translation, increasing 

mean BLEU from 14.95 to 26.93, chrF++ from 25.03 to 37.82, and BLEURT 

from 0.2936 to 0.4057. English to Northern Tutchone remained more difficult, 

with BLEU increasing from 4.16 to 5.19 and chrF++ from 13.27 to 21.37. The 

primary contribution is the empirical investigation of a ByT5-LoRA translation 

approach for this language pair, establishing baseline results in a low-resource 

Indigenous language setting. 

Keywords: Northern Tutchone, Low-Resource Machine Translation, Indige-

nous Language Technology, ByT5, LoRA, Language Revitalization. 

1 Introduction 

Neural Machine Translation (NMT) has become increasingly capable for high-resource 

language pairs, due to large parallel corpora, pretrained sequence-to-sequence models, 

and parameter-efficient fine-tuning strategies that allow pretrained models to adapt to 

specific languages and translation tasks [1-3]. These systems show great promise for 

supporting language learning, documentation, and interactive educational tools, with 

the ultimate goal of language and cultural preservation, particularly when these tools 

can be integrated into broader human-centered workflows. However, there are 
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significant challenges in developing translation systems for Indigenous and endangered 

languages. Many of these languages have limited digitized text, very small parallel cor-

pora, limited representation in pretrained language models, and important requirements 

around language data stewardship and data governance [4-7]. Furthermore, standard 

NMT systems often rely on subword tokenizers trained on high-resource languages, 

which can poorly represent low-resource languages. This creates a major limitation for 

languages such as Northern Tutchone, where the available data is scarce and where 

accurate representation of character-level structure is critical. 

Northern Tutchone is the language spoken by the First Nation of Na-Cho Nyäk Dun 

(FN-NND), Yukon, Canada, with limited available parallel text for machine learning. 

This data scarcity makes conventional high-data NMT approaches difficult to apply 

directly, because model performance depends heavily on the size, quality, and repre-

sentativeness of the available corpus. An additional challenge arises from the transla-

tion direction itself. Translating from Northern Tutchone to English requires the model 

to interpret a low-resource source language and generate English, a high-resource target 

language that is well represented in pretrained models. However, translating from Eng-

lish to Northern Tutchone is more difficult because the model must generate the low-

resource language directly, including its orthographic patterns, diacritics, and word 

forms, from a limited number of examples. This direction asymmetry creates an im-

portant evaluation problem, as improvements may appear differently across metrics and 

may not be captured equally by word-level and character-level measures. 

To address the data and compute limitations of this setting, this work used a ByT5-

small translation pipeline adapted with Low-Rank Adaptation (LoRA). ByT5 is a byte-

level encoder-decoder transformer, meaning that text is represented directly at the byte 

level rather than through a fixed subword vocabulary [8]. This was useful for Indige-

nous languages such as Northern Tutchone because the model did not require a custom 

tokenizer and could directly represent non-ASCII characters and diacritics. LoRA was 

used to reduce the number of trainable parameters by inserting trainable low-rank 

adapters into selected attention layers while leaving the majority of the pretrained 

model frozen [3]. This made the approach more practical for a small research workflow 

with limited computational resources. 

The central question examined in this paper was how much translation performance 

improved when the available parallel training data was increased from approximately 

1.5k sentence pairs to approximately 4.9k sentence pairs. This question is important 

because data collection and preparation are often among the most difficult parts of low-

resource Indigenous-language technology work. If a relatively modest expansion in 

cleaned parallel data produces large performance gains, this supports continued invest-

ment in data collection and preparation. However, if gains are uneven across translation 

directions, this also provides important design guidance for how the system should and 

should not be used in Human-Computer Interaction (HCI) settings. 

This study compares a smaller parallel dataset with a larger, expanded dataset across 

two translation directions and three random seeds. Performance is evaluated using 

BLEU, chrF++, and BLEURT, with paired bootstrap resampling used to test whether 

improvements from the larger dataset are statistically meaningful [9-12]. This experi-

mental design allows the effect of dataset expansion to be evaluated while accounting 
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for seed-level variability and direction-specific differences in translation difficulty. Be-

cause the two translation directions are not equivalent tasks, they were evaluated sepa-

rately rather than as a single bidirectional result. 

The primary contribution of this work is the demonstration of a feasible and statisti-

cally evaluated parameter-efficient translation workflow for a very-low-resource Indig-

enous language pair, providing the first baseline results. A secondary contribution is 

the interpretation of these results for HCI design. Specifically, the results suggest that 

the current model should be treated as a support component within constrained, human-

in-the-loop interactions, rather than as an autonomous translator. The paper therefore 

connects model development and evaluation with practical design implications for fu-

ture language learning systems. Our work is part of a language revitalization project by 

the FN-NND that uses artificial intelligence, holographic displays, and VR to create a 

multi-platform educational record of an Indigenous culture (https://kwandekando.ca). 

The project is in partnership with Carleton University (Ottawa, Canada) and the Office 

of the Commissioner of Indigenous Languages. 

 

 

 

 

Fig. 1. Overview of the Northern Tutchone and English translation development pipe-

line. 
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2 Related works 

Transformer-based sequence-to-sequence models provide the foundation for modern 

NMT by enabling attention-based modeling of long-range relationships in text [1]. 

Building on this architecture, text-to-text transfer learning frameworks such as T5 

showed that pretrained encoder-decoder models can be adapted across a wide range of 

language tasks [2]. However, conventional fine-tuning can require substantial data and 

computational resources, which is a major limitation in low-resource settings. Parame-

ter-efficient methods such as LoRA address this by training low-rank adapter weights 

while keeping most pretrained parameters frozen, reducing the cost of adaptation while 

still allowing the model to specialize to a new task [3]. For low-resource languages, 

byte-level modeling provides another important advantage by representing text directly 

at the byte level rather than relying on a fixed subword vocabulary [8]. This is particu-

larly relevant for languages with limited tokenizer coverage, orthographic variation, 

and non-ASCII characters. 

Previous work on Indigenous language technologies has emphasized that technical 

development must account for limited data availability, language-specific representa-

tion issues, and the broader social context of language data use [4-7]. Mager et al. de-

scribe the challenges of building language technologies for Indigenous languages of the 

Americas, including limited resources and the need for approaches that fit low-data 

conditions [4]. Bird and Cooper et al. further emphasize that language technology work 

should attend to process, community context, and responsible development rather than 

treating language data as a generic technical resource [5, 7]. In the Canadian First Na-

tions context, OCAP principles also highlight the importance of ownership, control, 

access, and possession in data governance [6]. Together, this previous work supports 

the need for translation approaches that are data-efficient, tokenizer-robust, and devel-

oped with attention to language stewardship, rather than treating Indigenous language 

translation as a standard high-resource NMT problem. 

3 Methods 

This work implemented a low-resource NMT workflow that combines a byte-level se-

quence-to-sequence model, parameter efficient fine-tuning, applied to a controlled da-

taset comparison with statistical testing. The workflow was designed to evaluate the 

translation accuracy of a low-resource Indigenous language and test whether increasing 

the size of the cleaned parallel corpus improved translation performance while main-

taining a consistent training and evaluation procedure. The experimental design com-

pared two dataset sizes, two translation directions, and three random seeds, producing 

twelve training runs in total. 

 The datasets consisted of parallel Northern Tutchone and English sentence pairs. 

The smaller dataset contained approximately 1.5k parallel sentence pairs and repre-

sented the earlier dataset used in the project. The larger dataset contained approximately 

4.9k sentence pairs and represented an expanded dataset curated and prepared later in 

the project. The larger dataset was approximately 3.3 times the size of the smaller 
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dataset. Both datasets were evaluated in Northern Tutchone to English and English to 

Northern Tutchone directions separately. These directions were treated as separate 

tasks because they placed different demands on the model. Northern Tutchone to Eng-

lish required the model to interpret Northern Tutchone input and generate English out-

put. English to Northern Tutchone required the model to generate Northern Tutchone 

output, which was expected to be more difficult because the target language had much 

less representation in the pretrained model. Three random seeds were used for each 

condition: 0, 43, and 99. This provided a more stable performance estimate than a single 

run and allowed the results to show whether improvements were consistent across dif-

ferent splits and initialization conditions. 

Since the experiments were conducted in a very-low-resource language setting, data 

preparation was central to the reliability of the evaluation. The data was cleaned and 

normalized to reduce formatting inconsistencies, remove duplicate entries, and im-

prove consistency between parallel pairs. This process was especially important be-

cause small datasets are more vulnerable to inflated or unstable evaluation results when 

repeated or near-duplicate examples appear across training and validation sets. 

The data preparation process also accounted for the structure and distribution of the 

available language data. The curated low-resource corpora often contained short 1-2 

word phrases, and while these examples can be useful for training, they can distort 

evaluation if they dominate the validation set, as it makes it more unclear if the model 

is learning sentence structure or remembering single words/phrases. For this reason, 

sentence pairs with source sentences of two words or fewer were preferentially routed 

to the training set. This kept more of the very short and potentially less informative 

examples out of evaluation, while still allowing the model to learn from them during 

training, and instead filling the evaluation sets with more 3+ word phrases/sentences. 

Each seed of the small dataset was split into train, validation, and test subsets using 

an 80/10/10 ratio. The splitting procedure was cluster-aware, where semantically simi-

lar sentence pairs were grouped together and assigned to the same split, which reduced 

the risk of near-duplicate pairs appearing on both sides of the train and validation data 

splits, and this prevents data leakage. The small and large dataset models were evalu-

ated on the same validation references generated by the seed splits of the smaller da-

taset, containing approximately 184 sentences. This shared-reference structure was crit-

ical because it allowed the statistical analysis to compare model outputs sentence-by-

sentence rather than treating each system as an unrelated aggregate score. Because the 

data is connected to community language resources, the paper does not reproduce the 

full dataset or provide unrestricted access to sentence-level content. Instead, the meth-

odology reports the dataset sizes, split logic, training setup, and evaluation procedure, 

to provide technical transparency and respect language data stewardship requirements. 

All experiments used Google’s ByT5-small as the base model [8]. ByT5-small is a 

byte-level encoder-decoder transformer with approximately 300 million parameters. 

The byte-level architecture was selected because it does not require a language-specific 

tokenizer. This was important for Northern Tutchone, where the small corpus size, di-

acritics, and possible spelling variation made it difficult to rely on a conventional sub-

word tokenizer with no Northern Tutchone representation. By representing text at the 
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byte level, the model could process Northern Tutchone characters directly without out-

of-vocabulary tokenization issues. 

The base model was adapted using LoRA [3]. LoRA inserts trainable low-rank ma-

trices into selected layers of the pretrained model while keeping the majority of model 

parameters frozen. This reduces the number of trainable parameters and makes the 

training process more efficient. In this work, LoRA was conservatively applied to the 

query and value projection layers in the attention mechanism, corresponding to the q 

and v modules in ByT5's encoder-decoder architecture. The LoRA rank was set to 64, 

lora_alpha was set to 128, and dropout was set to 0.1. This configuration provided a 

relatively high-capacity adapter while maintaining the parameter-efficient structure of 

the fine-tuning process. 

 

Table 1. Model and training configurations. 

 

Component Configuration 

Base model ByT5-small 

Adaptation method LoRA 

LoRA rank 64 

LoRA alpha 128 

LoRA dropout 0.1 

Target modules Query and value projection layers 

Optimizer paged AdamW 8-bit 

Learning rate 0.001 

Scheduler Linear decay 

Label smoothing 0.1 

Maximum epochs 200 

Beam size (generation) 4 
Checkpoint reported Best validation checkpoint 

Seeds 0, 43, 99 

Datasets Small (~1.5k samples), Large (~4.9k samples) 
 

The training configuration was held consistent across the dataset-size comparison. 

Models were trained for up to 200 epochs without patience, allowing the training pro-

cess to complete a full sweep rather than stopping early after a small number of stagnant 

validation epochs, allowing for a clear comparison between results. A learning rate of 

0.001 was used with a linear decay scheduler, and label smoothing was set to 0.1. The 

optimizer was paged AdamW 8-bit, which reduced memory requirements during opti-

mization. Additional memory optimizations included mixed precision training and gra-

dient checkpointing. Validation generation used beam search with 4 beams. The best 

validation checkpoint from each run was used for final reporting, meaning that the re-

ported scores represent the strongest validation checkpoint observed during training 

rather than the final epoch. The validation set was used for checkpoint selection and 

model comparison. The test set was held out from training and checkpoint selection, 
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and was used only as a post-hoc check that the selected models showed similar behavior 

on the unseen data. 

Model performance was evaluated using BLEU, chrF++, and BLEURT. BLEU was 

included as a standard corpus-level machine translation metric based on n-gram/word-

level overlap [9]. chrF++ was included because it evaluates character-level similarity 

while also incorporating word n-gram information [10]. This makes it especially useful 

in a low-resource and morphologically complex setting, where a model may begin 

learning meaningful surface-form patterns even when exact word-level overlap is lim-

ited. BLEURT was included for the Northern Tutchone to English direction as a learned 

reference-based metric that provided an additional signal of English output quality [11]. 

BLEU and chrF++ were computed using SacreBLEU [13]. BLEURT was computed 

using BLEURT-20 through the HuggingFace evaluate package. Unicode NFC normal-

ization was applied to all predictions and references before scoring to ensure con-

sistency across both metrics and the bootstrap resampling procedure. BLEURT was 

only reported for Northern Tutchone to English generation, because the metric requires 

a model for the target language, and no BLEURT model exists for Northern Tutchone. 

Therefore, BLEURT could not be computed for English to Northern Tutchone genera-

tion. 

Paired bootstrap resampling was used to test whether the larger dataset improved 

BLEU and chrF++ compared to the smaller dataset [12]. For each seed, translation di-

rection, and metric, the small and large models were evaluated over the same validation 

references. Sentence-level outputs were resampled with replacement 10,000 times, and 

the metric difference between the large and small dataset models was recomputed for 

each resample using the same SacreBLEU calls applied during training, ensuring no 

deviation in metric computation between the training evaluation and the bootstrap pro-

cedure. The minimum reportable p-value was bounded at 1/10,000 due to the number 

of resamples. This preserved the pairing between systems and estimated how consist-

ently the observed improvement appeared under resampling of the validation set. Be-

cause the three seeds used different splits, the per-seed bootstrap p-values were com-

bined using Fisher's method rather than pooling all outputs as if they came from a single 

identical evaluation set [14]. BLEURT was evaluated differently because the available 

analysis used aggregate seed-level BLEURT scores rather than live per-sentence 

BLEURT resampling. For this reason, BLEURT was compared using a two-tailed 

paired t-test across the three seed-level scores in the Northern Tutchone to English di-

rection.  

4 Results 

Increasing the dataset size from approximately 1.5k to 4.9k sentence pairs improved 

translation performance in both directions, but the strength and consistency of the im-

provement depended on the translation direction and evaluation metric. The largest and 

most consistent gains occurred for Northern Tutchone to English, where all three met-

rics improved across all three seeds. English to Northern Tutchone remained more 
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difficult, with low BLEU scores and greater variability, but chrF++ improved substan-

tially and significantly. 

For Northern Tutchone to English translation, the larger dataset improved perfor-

mance across every seed and every metric. Mean BLEU increased from 14.95 with the 

small dataset to 26.93 with the large dataset, corresponding to an 80.1% relative im-

provement. Mean chrF++ increased from 25.03 to 37.82, corresponding to a 51.1% 

relative improvement. Mean BLEURT increased from 0.2936 to 0.4057, corresponding 

to a 38.2% relative improvement. The BLEU and chrF++ improvements were highly 

significant under paired bootstrap resampling, with combined p-values below 0.0001. 

This indicated that the larger dataset produced improvements that were not only visible 

in the aggregate means, but also stable under sentence-level resampling of the valida-

tion set. BLEURT also improved for all three seeds, but the paired t-test over seed-level 

aggregates gave p = 0.0501, narrowly missing the conventional p < 0.05 threshold. 

For English to Northern Tutchone translation, the larger dataset also improved the 

mean scores, but the results were less consistent. Mean BLEU increased from 4.16 to 

5.19, corresponding to a 24.6% relative improvement, but this difference was not sta-

tistically significant under paired bootstrap resampling. The p-value for English to 

Northern Tutchone BLEU was 0.0950. The per-seed BLEU values were also less stable 

than in the Northern Tutchone to English direction. In contrast, mean chrF++ increased 

from 13.27 to 21.37, corresponding to a 61.0% relative improvement. This improve-

ment was highly significant, with a combined p-value below 0.0001. These results in-

dicate that the larger dataset improved character-level similarity to the Northern 

Tutchone references, even where exact word-level overlap remained limited. In prac-

tice, this suggests the model produced translations which were closer to correct but 

which contained typo-level errors. The main quantitative results and significance tests 

are summarized in Table 2. 

 

Table 2. Main quantitative results and significance 

 

Direction Metric 
Mean 

(1.5k) 

Mean 

(4.9k) 
% Increase p-value 

NT to EN BLEU 14.95 26.93 +80.1% <0.0001 

NT to EN chrF++ 25.03 37.82 +51.1% <0.0001 

NT to EN BLEURT 0.2936 0.4057 +38.2% 0.0501 

EN to NT BLEU 4.16 5.19 +24.6% 0.0950 

EN to NT chrF++ 13.27 21.37 +61.0% <0.0001 
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Figure 2. Effect of dataset size on translation performance across direction and metric. 

Significance markers indicate the statistical significance of the improvement from the 

small to large dataset, where *** indicates p < 0.0001 and n.s. indicates not significant. 

 

Figure 2 shows the same results visually, with mean validation scores from the best 

validation checkpoint for each run, across three seeds for the small (1.5k) and large 

(4.9k) datasets. Error bars represent ±1 standard deviation across seeds. BLEU and 

chrF++ p-values were computed using paired bootstrap resampling with Fisher-com-

bined p-values, while BLEURT was evaluated using a paired t-test over seed-level ag-

gregate scores. 

 The difference between BLEU and chrF++ was especially important for interpreting 

the English to Northern Tutchone results. BLEU depends on exact word-level n-gram 

overlap, which can be difficult to achieve in low-resource generation with limited ref-

erences. chrF++ is more sensitive to character-level overlap and can capture partial im-

provements in spelling patterns, stems, endings, and orthographic structure. Therefore, 

the English to Northern Tutchone results should not be interpreted as showing no im-

provement. Instead, they suggest that the larger dataset helped the model learn more 

Northern Tutchone surface structure, but that this improvement was not yet strong 

enough to produce consistent fully accurate translations word-for-word. 

 The best absolute metric scores were also achieved by the large dataset condition. 

For Northern Tutchone to English, the highest BLEU score was 31.82, the highest 

chrF++ score was 42.15, and the highest BLEURT score was 0.4287, all from the large 

dataset condition with seed 0. For English to Northern Tutchone, the highest BLEU 
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score was 7.48 and the highest chrF++ score was 24.69, also from the large dataset 

condition with seed 0. 

 

Table 3: Summary of best absolute metric scores for each metric, from all investi-

gated training experiments. 

 

Direction Metric Best Condition 

NT to EN BLEU 31.82 Large dataset, Seed 0 
NT to EN chrF++ 42.15 Large dataset, Seed 0 
NT to EN BLEURT 0.4287 Large dataset, Seed 0 
EN to NT BLEU 7.48 Large dataset, Seed 0 
EN to NT chrF++ 24.69 Large dataset, Seed 0 

 

Representative validation examples further illustrate how the larger dataset changed 

model behavior. Table 4 compares outputs from the small and large dataset models 

using validation examples from seed 0. These examples were selected to show specific 

cases of clear improvement, partial improvement, and errors observed in the validation 

sets evaluated by the model at the best checkpoints. 

For Northern Tutchone to English, the larger dataset produced examples where the 

small model generated an unrelated English sentence, while the large model recovered 

the full translation meaning. For example, the Northern Tutchone input “Dek'ą́ 

łądézhe.” was translated by the small dataset model as “The moose is sitting,” while the 

large dataset model accurately produced “The man is going hunting,” matching the ref-

erence. The second example showed a partial improvement: the small dataset model 

translated “Kensun t'éhe'yó.” as “The boy is sitting,” while the large dataset model pro-

duced “He is wearing warm moccasins.” This recovered the main meaning, but intro-

duced an additional detail not present in the reference. Example 2 also shows a limita-

tion in the reference-based evaluation, as the large-dataset model produced the correct 

English spelling of “moccasins” while the reference contained the misspelling “moc-

cassins”, reducing the model’s BLEU and chrF++ scores. This highlights the fact that 

automatic quantitative metrics can be negatively affected by spelling errors in the ref-

erence dataset. 

For English to Northern Tutchone, the examples show both the promise and limita-

tions of the larger dataset. In example 3, the input “I am making a fire” was translated 

incorrectly by the small dataset model, while the large dataset model fully matched the 

Northern Tutchone reference. In example 4, the input “I want meat” produced a mixed 

improvement. The small dataset output captured an essentially correct second 

word/phrase with a typo-level error, but used an incorrect first word/phrase, while the 

large dataset output captured the first word/phrase but it generated an incorrect second 

word/phrase. This example shows a mixed improvement pattern, where the larger da-

taset improved one part of the translation while introducing an error in the other. 
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Table 4. Representative validation output comparison from Seed 0. 

 

Example Output comparison 

1. NT to EN 

Input: Dek'ą́ łądézhe.  

Reference: The man is going hunting.  

Small dataset: The moose is sitting.  

Large dataset: The man is going hunting.  

2. NT to EN 

Input: Kensun t'éhe'yó. 

Reference: He is wearing moccassins [sic]. 

Small dataset: The boy is sitting. 

Large dataset: He is wearing warm moccasins. 

3. EN to NT 

Input: I am making a fire. 

Reference: Kwä́n díhk'ę́. 

Small dataset: Edu iht'in. 

Large dataset: Kwä́n díhk'ę́. 

4. EN to NT 

Input: I want meat.  

Reference: Etthä́n yenihthän.  

Small dataset: Ts'ä́t yenithän.  

Large dataset: Etthä́n seétlę. 

 

5 Discussion 

The results show that increasing the amount of cleaned parallel training data had a sub-

stantial positive effect on Northern Tutchone and English translation performance. The 

clearest improvements occurred for the Northern Tutchone to English direction, where 

the larger dataset produced strong and statistically significant gains in both BLEU and 

chrF++. The improvement from 14.95 to 26.93 mean BLEU represents a large practical 

gain in this low-resource setting, while the mean chrF++ improvement from 25.03 to 

37.82 confirms that the outputs became more similar to the references at both word and 

character levels. These results support the value of continued corpus development and 

data preparation, especially when paired with consistent evaluation splits and statistical 

testing. 

However, the results also show that dataset expansion at this small scale alone does 

not make the system ready for unrestricted use. English to Northern Tutchone remained 

substantially more difficult than Northern Tutchone to English. The BLEU improve-

ment in this direction was modest and not statistically significant, even though chrF++ 

improved significantly. This suggests that the larger dataset helped the model learn 

more Northern Tutchone surface structure, but did not yet enable consistently accurate 

full-sentence translations. This distinction is important because English to Northern 

Tutchone is the direction most likely to be used for learner-facing translations, phrase 
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practice, or draft language production. Errors in this direction may be more harmful if 

users interpret model outputs as authoritative. Conversely, Northern Tutchone to Eng-

lish translation may be more appropriate for comprehension support, review workflows, 

or assisting users in navigating existing Northern Tutchone text. 

The difference between BLEU and chrF++ also provides an important interpretation 

of model progress. BLEU is useful as a standard machine translation metric, but it can 

be harsh in low-resource settings because it rewards exact n-gram overlap [9]. This is 

especially limiting when there are few references and when multiple valid translations 

or spelling variants may exist. chrF++ provides a complementary signal by measuring 

character-level similarity with additional word n-gram information [10]. In this study, 

chrF++ captured a strong improvement for English to Northern Tutchone even when 

BLEU did not. This suggests that the model began learning more of the target-language 

form, but that word-level accuracy and full translation correctness remained limited. 

At the same time, chrF++ should not be overinterpreted. A higher character-level 

score does not guarantee semantic correctness, grammatical acceptability, or cultural 

appropriateness. A model may produce an output that is closer to the reference at the 

character level while still being wrong in meaning – for example, outputting “mouse” 

instead of “moose”. This is especially important for HCI applications, where the prac-

tical concern is not only whether a metric improves, but whether a learner, teacher, or 

reviewer can safely use the output. The representative examples in Table 4 show this 

issue directly: the larger dataset often produced outputs closer to the reference, but some 

outputs still contained word-level errors that would require human review. 

The results also support the practical value of using ByT5-small with LoRA in this 

setting. ByT5’s byte-level representation was well suited to Northern Tutchone because 

it avoided training a tokenizer and allowed the model to process orthographic features 

and diacritics directly [8]. LoRA reduced the training burden by limiting the number of 

trainable parameters and allowing adaptation through query and value projection adapt-

ers [3]. This is important for low-resource and community-partnered language technol-

ogy projects, where access to large compute infrastructure may be limited. In practice, 

the larger dataset runs required approximately 3.7 hours per run, while the smaller da-

taset runs required approximately 1.0 to 1.2 hours, both on a single NVIDIA GeForce 

RTX 3070 Ti graphics card, indicating that the expanded dataset produced meaningful 

gains while remaining feasible for repeated experimentation. 

From an HCI perspective, the current system is best understood as a developing 

translation support component that can be integrated into human-in-the-loop work-

flows. The results are strong enough to support continued development toward practical 

language support tools, particularly where model outputs can be reviewed, corrected, 

or constrained to appropriate learning contexts. A correction-based interface would al-

low the model to generate a draft translation that a learner, reviewer, or language worker 

could accept, reject, or correct. These corrections could then be stored for future review 

and potential retraining, creating a feedback loop between model use, language review, 

and dataset improvement. This positions the model as a practical foundation for future 

community-driven language learning systems, where translation assistance can be pro-

vided while still maintaining human oversight and data stewardship. 
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A second appropriate use case is constrained translation within language learning 

environments. Instead of allowing unrestricted free-text translation, the system could 

be limited to reviewed prompts, known vocabulary sets, or scripted learning scenarios. 

This would reduce the risk of out-of-distribution outputs and allow the system to sup-

port interaction without presenting unverified translations as authoritative. For exam-

ple, a web-based or immersive learning activity could use the model to support con-

trolled phrase practice, but only within content areas that have been reviewed or con-

strained by language experts. 

The project also raises important governance and responsible-use considerations. In 

many machine learning settings, reproducibility is framed mainly as releasing code, 

datasets, and model weights. In Indigenous language technology work, reproducibility 

must be balanced with language data stewardship and community governance. The da-

tasets can contain culturally sensitive and personally identifiable information and is 

connected to language resources that require appropriate control and review. For this 

reason, this paper reports the model configuration, training setup, evaluation process, 

and statistical methods, while avoiding unrestricted disclosure of the underlying lan-

guage data. 

There are several limitations to this study. First, due to the inherent data scarcity of 

this project, the dataset remained very small compared with typical neural machine 

translation corpora. Although the larger dataset contained approximately 4.9k sentence 

pairs, this is still extremely limited for training a translation system, especially for gen-

eration into Northern Tutchone. Second, the evaluation relied primarily on automatic 

metrics. BLEU, chrF++, and BLEURT provide useful quantitative signals, but they do 

not fully measure semantic correctness, grammatical acceptability, cultural appropri-

ateness, or learner safety. The translation outputs were not evaluated through a com-

prehensive human linguistic review, partly due to the number of outputs for review, and 

the need for Northern Tutchone language fluency and expertise to accurately assess 

correctness. Third, due to computational limitations, the study used three random seeds. 

This is stronger than reporting a single run, but it is still limited for estimating the full 

variability of training. The BLEURT comparison was especially limited because it re-

lies on an evaluation model trained on the target language, of which none exists for 

Northern Tutchone, thus could only be evaluated for one direction. Finally, the study 

did not include a user evaluation. Future HCI work will be needed to determine how 

learners, teachers, and reviewers interact with model outputs in realistic interface set-

tings. 

Overall, these results indicate that the larger dataset substantially improved model 

performance, but that the model at its current capability should remain embedded 

within human review and constrained interaction design. Until further improvements 

can be gained through deeper expansion of the dataset, the translation system is there-

fore currently most useful as a foundation for future language support workflows, 

where model outputs can assist learners and reviewers without replacing human exper-

tise. 
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6 Conclusion 

Overall, this work demonstrated a feasible, parameter-efficient workflow for Northern 

Tutchone and English neural machine translation using ByT5-small with LoRA. Start-

ing from a very small parallel corpus, the study evaluated whether expanding the dataset 

from approximately 1.5k to 4.9k sentence pairs improved translation performance 

across two directions and three random evaluation seeds. Results showed that increas-

ing the amount of parallel data produced substantial improvements, particularly for 

Northern Tutchone to English translation, where mean BLEU improved from 14.95 to 

26.93 and mean chrF++ improved from 25.03 to 37.82, with both improvements statis-

tically significant. English to Northern Tutchone remained more difficult, with BLEU 

improving only modestly, while chrF++ improved significantly from 13.27 to 21.37. 

These results indicate that dataset expansion improved both translation directions, but 

that Northern Tutchone generation remained more challenging than English generation. 

These findings matter because they show that a practical translation workflow can 

be developed even in a very-low-resource Indigenous language setting, while also iden-

tifying the conditions where human review remains important. From a HCI perspective, 

the system provides a foundation for future language support tools where translation 

outputs can be reviewed, corrected, and improved through human-in-the-loop work-

flows. Future work should expand the parallel dataset, evaluate additional model archi-

tectures and adaptation strategies, incorporate structured human evaluation, and de-

velop interface prototypes that support uncertainty, review, and correction while re-

specting language data stewardship. 
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